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rank

AlphaGo vs European Champion (Fan Hui 2-Dan)

October5-9, 2015

<Official match>
- Time limit: 1 hour
- AlphaGo Wins (5:0)
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AlphaGo vs World Champion (Lee Sedol 9-Dan)

March 9 - 15, 2016

<Official match>
- Time limit: 2 hours
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Venue: Seoul, Four Seasons Hotel
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Image Source: Josun Times Jan 28™" 2015




Lee Sedol




Computer Go Al?

THE INTERNATIONAL WEEKLY JOURNAL OF SCIENCE

At last — a computer program that
can beat a champion Go player PAGE 484

ALL SYSTEMS GO

CONSERVATION RESEARCH ETHICS POPULAR SCIENCE O NATUREASIA.COM

SONGBIRDS SAFEGUARD WHEN GENES
TRANSPARENCY ~ GOT ‘SELFISH’
“card 40yearson

PAGE 462




Computer Go Al — Definition
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Computer Go Al — Definition
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Computer Go
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Intelligence
s (state) >
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Givens, pick the best a



Computer Go Al — An Implementation Idea?
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Computer Go Al — An Implementation Idea?
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Computer Go Al — An Implementation Idea?
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d = maxD

Process the simulation until the game ends,
then report win / lose results



Computer Go Al — An Implementation Idea?
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d=3 d = maxD

Process the simulation until the game ends,
then report win / lose results

e.g. it wins 13 times if the next stone gets placed here

& 37,839 times

431,320 times
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Thisis NOT possible; it is said the possible clonfigurations{of the board exceeds the number of atoms in the universe
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Key: To Reduce Search Space



Reducing Search Space

1. Reducing “action candidates” (Breadth Reduction)
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Reducing Search Space

1. Reducing “action candidates” (Breadth Reduction)
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Reducing Search Space

2. Position evaluation ahead of time (Depth Reduction)
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Reducing Search Space

2. Position evaluation ahead of time (Depth Reduction)
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Reducing Search Space

1. Reducing “action candidates” (Breadth Reduction)

2. Position evaluation ahead of time (Depth Reduction)



1. Reducing “action candidates”

Learning: P ( next action | current state )

=P(a]s)



1. Reducing “action candidates”

(1) Imitating expert moves (supervised learning)

Current State Next State
DD Bao s1 52
@@%29 S ‘ < Prediction <3
8 o Model
s3 s4

Data: Online Go experts (5~9 dan)
160K games, 30M board positions




Current Board

1. Reducing “action candidates”

(1) Imitating expert moves (supervised learning)

Next Board
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Current Board

1. Reducing “action candidates”

(1) Imitating expert moves (supervised learning)

Next Action
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1. Reducing “action candidates”

(1) Imitating expert moves (supervised learning)

Current Board Next Action
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1. Reducing “action candidates”

(1) Imitating expert moves (supervised learning)

Current Board
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1. Reducing “action candidates”

(1) Imitating expert moves (supervised learning)

Current Board Next Action
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1. Reducing “action candidates”

(1) Imitating expert moves (supervised learning)

Current Board
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Convolutional Neural Network (CNN)
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ional Neural Network (CNN)
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Go: abstraction is the key to win

CNN: abstraction is its forte



1. Reducing “action candidates”

(1) Imitating expert moves (supervised learning)

Current Board Next Action

e ;@0 Expert Moves Imitator Model

PN
| 4

O (w/ CNN)
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1. Reducing “action candidates”

(2) Improving through self-plays (reinforcementlearning)

Expert Moves Expert Moves
Imitator Model VS Imitator Model
(w/ CNN) (w/ CNN)




1. Reducing “action candidates”

(2) Improving through self-plays (reinforcementlearning)

Expert Moves Expert Moves
Imitator Model VS Imitator Model
(w/ CNN) (w/ CNN)

> Return: board positions, win/lose info



1. Reducing “action candidates”

(2) Improving through self-plays (reinforcementlearning)

Board position win/loss
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1. Reducing “action candidates”

(2) Improving through self-plays (reinforcementlearning)

Board position win/loss
{*,)2—0 ® .
D : Expert Moves Imitator Model .
Win
(w/ CNN)
ﬂ) z=+1

dlog pp(at|3t) .

Training: Apx 9 .



1. Reducing “action candidates”

(2) Improving through self-plays (reinforcementlearning)

Updated Model Updated Model
ver1l.1 V5 ver 1.3

> Return: board positions, win/lose info



1. Reducing “action candidates”

(2) Improving through self-plays (reinforcementlearning)

Updated Model Updated Model
ver 1.3 VS ver 1.7

> Return: board positions, win/lose info



1. Reducing “action candidates”

(2) Improving through self-plays (reinforcementlearning)

Updated Model Updated Model
ver 1.5 V5 ver 2.0

> Return: board positions, win/lose info



1. Reducing “action candidates”

(2) Improving through self-plays (reinforcementlearning)

Updated Model Updated Model
ver 3204.1 V5 ver 46235.2

> Return: board positions, win/lose info



1. Reducing “action candidates”

(2) Improving through self-plays (reinforcementlearning)

Expert Moves Updated Model
Imitator Model =~ ¥> | ver 1,000,000

> The final model wins 80% of the time
when playing against the first model



2. Board Evaluation



Board Position

Pyl (als)

2. Board Evaluation
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Reducing Search Space

1. Reducing “action candidates”
(Breadth Reduction)

Policy Network

2. Board Evaluation (Depth Reduction)

Value Network

Pylp(als)

Vy(s')




Looking ahead (w/ Monte Carlo Search Tree)

El Selection b  Expansion © Evaluation
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P-/ \P Board Evaluation

Action Candidates Reduction (Value Network)

(Policy Network)

(Rollout): Faster version of estimating p(a|s)
-> uses shallow networks (3 ms = 2us)



b Elo rating system
3,500+

Results
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Takeaways

Use the networks trained for a certain task (with different loss objectives) for several other tasks
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Lee Sedol 9-dan vs AlphaGo
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Lee Sedol 9-dan vs AlphaGo
Energy Consumption

Lee Sedol AlphaGo

- Recommended calories for a man per day - Assumption: CPU:~100 W, GPU: ~300 W
: ~2,500 kCal - 1,202 CPUs, 176 GPUs

- Assumption: Lee consumes the entire amount of
per-day calories in this one game 170,000 J/sec * 5 hr * 3,600 sec/hr

2,500 kCal * 4,184 J/kCal

2 1oM ] ~=3,000M [J]

A very, very rough calculation ;)



AlphaGo is estimated to be around ~5-dan

(d) uep
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®  European champion

= multiple machines



Taking CPU / GPU resources to virtually infinity?
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GPUS + 8 11 2 4 8 64112176 280 But Google has promised not to use more CPU/GPUs

1 1 i than they used for Fan Hui for the game with Lee
Single Machine Distributed

No one knows
how it will converge
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AlphaGo learns millions of Go games every day



What if AlphaGo learns Lee’s game strategy

Google said they won’t use Lee’s game plays as AlphaGo’s training data



AlphaGo’s Weakness?
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